Products with a superior environmental performance, such as a high level of energy efficiency, are typically subject to information asymmetries. Therefore these product attributes are often undervalued in purchase decisions. Signaling, e.g. energy labeling, can overcome these asymmetries, with positive implications for effective consumer decisions, competitive advantage for suppliers of energy-efficient goods, and for societal goals such as mitigating climate change. However, there is a scarcity of research investigating how energy labels actually influence consumer choice. The recent revision of the European Union energy label provided a unique opportunity to investigate the effectiveness of energy labeling in a quasi field-experimental setting. We show that the proposed extension of the seven-point A-G rating scale by adding new classes A+, A++, etc. will result in a lower perceived importance of energy efficiency in consumer decision-making. Based on a stated preference survey investigating 2244 choices by German consumers, we conclude that the revision actually undermines the label's ability to overcome information asymmetries, hence potentially contributing to market failure.
Introduction

M ARKETS FOR ENVIRONMENTALLY FRIENDLY PRODUCTS ARE CHARACTERIZED BY INFORMATION ASYMMETRIES
between suppliers and consumers. For example, it is often difficult to identify the level of environmental performance of a product before purchasing it. In his seminal article on 'the market for lemons ', Akerlof (1970) showed how the presence of information asymmetries can lead to market failure and adverse selection, and discussed signaling and screening as ways to overcome those challenges. One method of signaling that has received increasing attention from academics, policy makers and industry professionals is environmental or eco-labeling (Thogersen, 2000; De Boer, 2003; Pedersen and Neergaard, 2006; Rubik et al., 2007) . By providing information on the environmental performance of products, eco-labels can guide consumers towards a more environmentally friendly purchasing behavior (Grankvist and Biel, 2007) .
The Influence of Energy Labels on Consumer Decision Processes
Household appliances are a major source of energy demand and represent one of the fastest growing energy loads (OECD/IEA, 2003) . The long-term increase in household electricity use is often associated with a growing ownership of electrical appliances (Bertoldi and Atanasiu, 2009) . By switching to the best technologies on the market, a huge potential saving in electricity consumption could be achieved (IEA, 2007) . However, although energyefficient products are typically characterized by a lower life-cycle cost than conventional products (Känzig and Wüstenhagen 2010) , energy-efficient investments that appear to be cost-effective on an estimated life-cycle cost basis are often not made (Ruderman et al. 1987) , a phenomenon known in the literature as the 'energy efficiency gap'. One reason for this energy efficiency gap is that consumers are often not aware of the fact that the appliance they are about to purchase is also an energy service having running costs such as costs for electricity etc. (Wilkenfeld et al., 1998) .
Energy efficiency labels are particularly well suited to narrowing the energy efficiency gap and mitigating potential inefficiencies resulting from imperfect information distribution about energy use. Energy labels can be used to provide information to consumers and to enable them to compare the energy efficiency of appliances on an equitable basis by acting as an indicator showing how energy efficient the product is (Mahlia et al., 2002) . Furthermore, such labels help manufacturers to gain a competitive advantage by producing environmentally friendly products (Thogersen, 2000) and therefore act as an especially effective and essential element in any government's portfolio of energy-efficient policies (Wiel and McMahon, 2005) .
The effectiveness of energy labels can only be evaluated based on an understanding of consumer behavior. However, empirical data regarding the impact of energy labels on consumers' responses are unusually limited and there is a huge lack of studies on how consumers recognize, perceive, understand and consider the information on the labels in their purchasing decisions. In one of the few studies available, Sammer and Wüstenhagen (2006) examined the impact of the EU energy label on consumer choice among different washing machines with different degrees of energy efficiency and found that Swiss consumers are willing to pay a premium of 347 Swiss Francs for a washing machine with an energy efficiency level of A in comparison to a washing machine with a B rating. Furthermore, Shen and Saijo (2009) conducted a choice experiment in China to examine whether the Chinese energy efficiency label influences consumers' choices for air conditioners and refrigerators. The respondents' awareness of the label was rather high and it was found that the energy efficiency classes significantly influenced the choice of air conditioners and refrigerators. Ward et al. (2011) conducted a choice experiment to gather data on consumers' willingness to pay (WTP) for an Energy Star label on a refrigerator in the United States. The survey suggests that consumers' WTP amounts to an extra US$249.82 to US$349.30 for a refrigerator that has been awarded the Energy Star label. Finally, Saidur et al. (2005) investigated the best format for an energy guide label for household refrigerator-freezers in Malaysia. Different labeling concepts of other countries were tested, and the authors concluded that the star labeling worked best with the majority of respondents.
However, no study to date has investigated the impact of a modification of a labeling scheme by adding new classes on top of the current highest class. The recent revision of the European Union energy label provided a unique opportunity to investigate this effect. We aim to provide a more nuanced understanding of how the introduction of new categories influences consumer behavior, and what conclusions can be derived for the design of effective labeling schemes.
As the new energy label with the new format and the additional classes A+, A++ and A+++ has not been fully introduced for televisions yet, no market data are currently available about revealed preferences. An important requirement for using a revealed preference approach is that sufficiently long data series are available. Thus, for our study it was not possible to observe people's actual purchasing decisions. Accordingly, an appropriate methodological approach was necessary to measure stated preferences. In contrast to the revealed preferences approach, which observes actual choices made by decision-makers in real market circumstances, stated preferences are derived from preferred choices made under different hypothetical scenarios in experimental markets (Danielis and Rotaris, 1999) .
Methodological Considerations
Particularly in the area of individual decision-making behavior in marketing, but also in the field of environmental economics, the stated preference approach using choice experiments is widely applied (Train, 2003 , Hensher et al., 2005 . This study also makes use of a stated preference choice experiment, a choice-based conjoint (CBC) experiment, in which consumers are given a hypothetical setting where they are asked to choose their preferred alternative described by a set of criteria from numerous presented sets. Thus, by forcing consumers to decide which characteristics are most important, they have to make tradeoffs between different levels of product attributes. By conducting a choice experiment, it is possible to measure preferences in simulated quasi-realistic decision/ purchasing situations since the decision-making criteria are not presented separately, but simultaneously (Orme, 2006; Lilien et al., 2007) . Briefly described, a CBC experiment considers a quasi-realistic buying situation, where consumers choose between one or more products from a restricted product set. By choosing the most beneficial product from this restricted set, the preferences of the respondents can be directly derived (McFadden, 1974) .
Whereas fridges and freezers, washing machines and dishwashers have been labeled for more than a decade, televisions have not been part of the European Union labeling scheme up to now. Within the last couple of years, the television market has experienced an ongoing trend towards increasingly larger screen sizes, which has resulted in very high power consumption during viewing times (GfK, 2008) . Televisions can therefore be classified as highenergy consuming appliances and consequently there is a large energy reduction potential in adding this category to the European energy labeling scheme; this is what makes television sets an interesting product category for this research.
We used a between-subjects design where two different independent experimental groups were surveyed. Respondents were split in two different samples (sample 1 'A-G closed' scale format; sample 2 'A-plus' scale format), which only differed with regard to the presentation format of the label. Technically, the set of attributes and levels for both subgroups was identical. Therefore, differences in the preference structure between the two subgroups could be traced back to the different versions of the label. We did not make explicit assumptions about the underlying distribution of products on the market across the seven energy efficiency classes in both subsamples, which implicitly suggests a similar distribution of products from A to G in sample 1 and from A+++ to D in sample 2. Given the skewed distribution in today's market, where products have become crowded at the top end of the scale, our findings from sample 1 can consequently only be generalized if the current scale is subject to a dynamic adjustment of the criteria, so that a reasonably even distribution will be restored. In line with methodological state-of-the-art in conjoint analysis, we used an experimental design with the same number of levels for each attribute, namely four levels. We chose to include the four highest classes for each label version (A, B, C and D for sample 1 and A+++, A++, A+ and A for sample 2).
The first stage in the design of the study involved the identification of the most important product attributes and their levels for televisions. In order to select decision-relevant product categories we conducted expert interviews (e.g. with retailers) and reviewed marketing documents (e.g. catalogs, websites). The attributes and the attribute levels that were presented in the choice tasks are listed in Table 1 ; a typical choice task is displayed in Figure 2 . The chosen brands and equipment versions represent a spectrum of the German market for televisions. The realistic price range we chose represents a continuum from low to high prices of comparable TV sets usually available in Germany. For the attribute levels of the energy label, we chose to include the four highest classes for both versions of the label as described above. We decided not to include the attributes size and technology (e.g. plasma, LCD) in order to guarantee the independence of the attributes from each other and to avoid unrealistic bundles of attribute levels due to random combination.
We used Sawtooth software, the standard application for conjoint analysis in marketing research, to develop a computer generated, choice-based, conjoint design. The choice tasks were randomly calculated. We applied a full profile method, i.e. all attributes were presented for each set of alternatives. The randomized design accounted for the design principles of minimal overlap, level balance and orthogonality (Huber and Zwerina, 1996) . All respondents received a series of 12 choice tasks involving comparisons of different televisions with varying levels of attributes. Each choice task presented four different television alternatives where respondents had to choose their preferred alternative.
Sample Characteristics
This study is based on 2244 choice observations in Germany, based on 12 choices each of 187 consumers. Sample 1 (label version 'A-G scale') includes 1080 choice tasks and sample 2 (label version 'A-plus' scale) is based on data for 1164 choice tasks. These respondents were recruited by a professional marketing research company (GfK), who conducted computer-assisted personal interviews (CAPI) in 2009. The target population of the study consisted of the general German population. The sample was drawn by quota sampling, taking into account the distribution of the target population by state (German Bundesland), city size, household size, and sex. Setting quotas using these indicators is a standard procedure for drawing representative samples in professional market research. As evidenced by chi-square tests, no significant differences were found between the two samples with regard to city size (χ 2 = 0.268, 3 d.f., P = 0.966), household size (χ 2 = 0.423, d.f. 2, P = 0.809), sex (χ 2 = 0.124, d.f. 1, P = 0.725) and region within Germany 1 (χ 2 = 2.466, d.f. 3, P = 0.482). We then compared the characteristics of both samples with national data from the German Federal Statistics Office (2009). Both samples were compared with the German population using a chi-square test and no statistically significant difference was found. Sample 1 was not significantly different from the German population with regard to city size (χ 2 = 3.820, d.f. 3, P = 0.282), household size (χ 2 = 4.324, d.f. 2, P = 0.115), sex (χ 2 = 0.036, d.f. 1, P = 0.849) and region within Germany (χ 2 = 1.415, d.f. 3, P = 0.702). The same was true for Sample 2 which was not significantly different from the German population with regard to city size (χ 2 = 5.554, d.f. 3, P = 0.135), household size (χ 2 = 4.515, d.f. 2, P = 0.105), sex (χ 2 = 0.097, d.f. 2, P = 0.756) and region within Germany (χ 2 = 3.885, d. f. 3, P = 0.274). Table 2 shows in detail how the two subsamples compare with the overall population.
Results
By using hierarchical Bayesian (HB) estimation, utilities at the individual level can be estimated (Rossi and Allenby, 2003) . HB analysis is regarded as being a state-of-the-art method for estimating utilities from CBC studies. Compared with traditional aggregate models (e.g. multinomial logit analysis) the HB approach 1 In order to calculate a chi-square statistic, the cells of a chi-square contingency table must contain more than five cases. As several German states did not contain more than five cases, we had to form four regional groups: Group 1: northern region (Bremen, Hamburg, Lower Saxony, SchleswigHolstein); Group 2: eastern region (Mecklenburg-Western Pomerania, Brandenburg, Berlin, Saxony, Saxony-Anhalt, Thuringia); Group 3: western region (North Rhine-Westphalia, Hesse, Rhineland-Palatinate, Saarland); Group 4: southern region (Bavaria, Baden-Württemberg).
Attributes
Attribute levels significantly improves the analysis of preferences. While earlier methods combined data for all individuals and were criticized for obscuring important aspects of the data, with a Bayesian framework it is possible to analyze choice data at the individual level (see Rossi and Allenby, 2003, and Train, 2001 , for more detailed discussion of hierarchical modeling). Table 2 presents the average utilities of each attribute level of the HB model for televisions where the raw part-worth utilities were rescaled by a method called zero-centered Diffs. The Diffs method rescales utilities so that the total sum of the utility differences between the worst and best levels of each attribute across attributes is equal to the number of attributes times 100 (Sawtooth Software, 1999) . The results of the hierarchical Bayes model are presented in Table 3 . With regard to data quality, the average root likelihood (RLH) can be used as a measure of fit to assess convergence of HB estimates. RLH is the geometric mean of the predicted probabilities (Sawtooth Software, 2009) . In this study, as each choice task presented four alternatives, it would be predicted that each alternative would be chosen with a probability of 25% (corresponding RLH of 0.25). RLH was 0.648 for the model of sample 1 ('A-G' scale) and 0.675 for the model of sample 2 ('A-plus' scale format). The relatively large values indicate good fit of the two overall models. The actual values of 0.648 for sample 1 and 0.675 for sample 2 indicate that these iterations were about 2.6 or 2.7 better than the chance level.
The European Union is planning to introduce a new label for televisions, which will look like the following:
The colour "green" indicates low energy consumption, the colour The colour "green" indicates low energy consumption, the colour 
Importances
In a following step, conjoint importances were computed. Importances describe how much influence each attribute has on the purchase decision. The importance of attributes in influencing the purchasing decision can be measured by comparing the difference between the highest and lowest part-worth utility of its levels. Conjoint importances are displayed in Table 4 . In both samples, the most important product attribute of a television was the purchase price, followed by the energy label, the equipment version and the brand. However, there were differences in conjoint importances of the attribute energy label between sample 1, with 33.6%, and sample 2, with 23.0%. This analysis shows that an energy label with an 'A-G scale' has over 10 percentage points more influence than an energy label with an 'A plus' scale. Introducing the new label with its additional categories (A+, A++, A+++) weakened the efficacy of the label, resulting in lower consumer awareness of energy efficiency as an important attribute. The statistical differences between groups for the importance level of the attribute energy label were compared using a non-parametric test, that is, the Mann-Whitney U-test (P > 0.05, two-sided). Significant differences were found between sample 1 and sample 2 (P < 0.001). The change in the energy label's importance due to its new design led to an increase in importance of one or more other attributes, ceteris paribus. Thus, consumers switched away from energy-efficient products and focused on other product characteristics during their purchase decision.
Simulation of Market Response
A market simulator can be used to convert individual part-worths from HB estimation into simulated market choices and to compute shares of preferences for competing product alternatives. Market simulation models are used to analyze consumer choices for a defined set of products and their specific product features. Share of preference can be defined as the percentage of respondents who would prefer one of the specified products. For our analysis, we applied a randomized first choice simulation method to estimate share of preference. A 'maximum utility rule' is assumed, which predicts that respondents would choose the option with the highest composite utility. Randomized first choice simulations then estimate the choices of each participant, adding random error to the utility values at each of 100,000 iterations and averaging those predictions across iterations and respondents (see Huber et al., 1999, and Orme, 2006 , for more detailed discussions of the computation of randomized first choice simulations). In the following scenario, a realistic market situation was demonstrated by calculating the share of preference of four hypothetical products. Reflecting the real market situation, the price of the appliance varied according to the energy efficiency class (i.e. the most expensive television came with the highest energy efficiency class, whereas the cheapest television was labelled with the lowest energy efficiency class). The attributes brand and equipment were set at a constant level to allow testing of the isolated effect of the combination of energy efficiency class and price.
The results in Table 5 show that respondents of sample 1 ('closed A-G' scale format) were about 4.5 times more likely to choose the television with the highest energy efficiency class in combination with the highest price than respondents from sample 2 ('A-plus' scale format) (33.7% vs. 7.5%). Respondents of sample 1 were about 1.5 times less likely to choose the television with the lowest energy efficiency class in combination with the lowest price than respondents from sample 2 (30.8% vs. 45.7%). Thus, in sample 1, the preference share for the television with the highest energy efficiency class in combination with the highest price was about 2.9% higher than the preference share for the television with the lowest energy efficiency class in combination with the lowest price. In contrast, the preference share in sample 2 for the high-efficiency, but expensive television was 38.2% lower than the preference share for the low-efficiency, but cheap, television set. The statistical differences between the two samples were compared using a Mann-Whitney U-test (P > 0.05, two-sided). Significant differences were found between samples 1 and 2 (P < 0.001). We can therefore conclude that an increase from a D to an A labelled television produces enough utility for respondents in sample 1 so that the shares of preference are more than equalized although the price goes up. In other words, respondents of sample 1 are willing to put up with a high price if the energy efficiency class is high. Our analysis therefore proves that respondents of sample 1 have a higher willingness to pay for energy-efficient appliances than respondents of sample 2.
Conclusions
This study showed how the effectiveness of a well-established energy labeling scheme can actually be diminished by the introduction of new rating categories.
Our research has important implications for policy makers. The fact that the effectiveness of the European energy label decreases with the introduction of new categories beyond A illustrates that labels and brands, which intend to reduce complexity for consumers, operate under narrow constraints. Labels can reduce uncertainty and overcome information asymmetry, but in order to do so, they need to present consumers with a meaningful reduction of complexity. Going from a closed scheme to an extended scheme adding new categories, the effectiveness of the well-established label is reduced. The results clearly show that introducing the new label with its additional categories weakens the effect of the label, resulting in lower consumer awareness about energy efficiency as an important attribute. Policy makers can conclude from our study that responding to industry requests for 'more flexibility' can result in more complexity for consumers and actually countervail their efforts to increase consumer awareness about the real energy use of appliances.
Given that the new labeling scheme was the result of a political compromise and was strongly backed by industry associations, a question arises about the effectiveness of participatory decision-making in environmental policy, and especially the role of firms' and industry associations' non-market strategies. While it remains an interesting area for further research to explore why the European industry associations actually backed the 'A plus' scale, our findings tend to suggest that their stance in the political negotiations may actually not have been in the best interest of those manufacturers who showed technological leadership and could have maintained a competitive advantage from the current clear labeling scheme, combined with dynamic adjustment of the criteria for reaching the A rating. Our analysis shows that the impact of an 'A-G scale' on consumers' decisions is much stronger and therefore consumers are more willing to pay a higher premium for the highest classes of the 'A-G scale' than for the classes of the 'A-plus' scale. This strong WTP for a labeled product should have been encouraging for manufacturers to support the maintenance of the well-known A-G scheme in order to differentiate themselves based on energy-efficient products. By reaping the benefit of this higher latent WTP, manufacturers who show technological leadership might get a higher return on their investment in R&D with the 'A-G scale' scheme.
The implications of our research may not be limited to the context we investigated, the effectiveness of energy labeling, but apply to a broader field of applications. Two areas that seem to have particular similarities are the influence of rating scales commonly used in product reviews (e.g. on travel platforms, movie or book ratings, etc.) on consumer behavior and the influence of credit ratings on investor behavior. Given the large influence that rating scales have on consumers' purchase decisions in different choice contexts, it is critical to understand how an alteration of the scale levels would influence the perception of such rating scales. As for credit ratings, the recent financial crisis has highlighted the critical role of rating agencies in guiding investor decision-making. Quite similar to the extension of the European energy labeling scheme that we investigated in this paper, such ratings have become ever more fine-grained over time, and it seems worth studying whether investor perceptions of, for example, the difference between an AA-and a BBB+ rating is congruent with the underlying risk differences that rating agencies intend to signal. Again, it may be fruitful to explore potential asymmetries in investor reactions to such ratings. While it goes beyond the scope of our paper to speculate about the findings of such further research, it would certainly be interesting to see whether it could derive similarly clear conclusions for the future design of effective credit ratings.
In conclusion, findings from this research provide a rich source of information to guide future research that focuses on the influence of eco-labeling on consumer decision-making. With regard to further research streams, applying a choice-based conjoint analysis to analyse the effect of the introduction of additional energy classes on other product categories (e.g. washing machines, refrigerators, etc.) would provide interesting research opportunities. Also, as we conducted our research only in Germany, comparing the influence of labeling schemes across different countries would be fruitful.
